Abstract. Traditional models to describe hydraulic properties in soils are constrained by the assumption of cylindrical capillarity to account for the geometry of the pore space. This study was conducted to develop a new methodology to directly measure the porosity and its microscopic characteristics. The methodology is based on the analysis of binary images collected with a backscattered electron detector from thin sections of soils. Pore surface area, perimeter, roughness, circularity, and maximum and average diameter were quantified in 36 thin sections prepared from undisturbed soils. Saturated hydraulic conductivity Ksat, particle size distribution, particle density, bulk density, and chemical properties were determined on the same cores. We used the Kozeny-Carman equation and neural network and bootstrap analysis to predict a formation factor from microscopic, macroscopic, and chemical data. The predicted Ksa t was in excellent agreement with the measured Ksa t (R 2 = 0.91) when a hydraulic radius rr• defined as pore area divided by pore perimeter and the formation factor were included in the Kozeny-Carman equation. . The hypothesis of this study is that the self-arrangement of the particles in the soil is not totally random and if we understand the forces determining this self-arrangement, we will be in a better position to model pore space and, consequently, water flow.
Introduction
Flow and transport of water and solutes in soils are controlled by size, geometry, and characteristics of the soil porosity. Most of the characteristics of soil pores are microscopic, such as roughness and circularity. Conventional models of liquid distribution, flow, and solute transport rely solely on cylindrical capillarity, ignoring the role of surface area, angularity, and connectivity. It is known that the geometry of the soil pores is very irregular; for example, Figure 1 shows a thin section from an undisturbed sample of Gilman silt loam soil. We identify polygonal and angular pores associated with feldspars and quartz while the more elongated pores are, in general, associated with clays. These different shapes are important because the water retention in the pores depends on the angularity and roughness of the pores [Tuller et al., 1999] . Also, elongated pores may be more susceptible to the effect of the chemical composition of the soil water since they are associated with clays, which have colloidal properties.
If we look closely at one of the features in Figure 1 , we see a montmorillonite domain (Figure 2 ). The arrangement of this organized structure modifies with changes in the chemical composition, as has been demonstrated in previous studies with electrophoretic mobility for montmorillonites [Shainberg and Otoh, 1968] and illires [Lebron et al., 1993] . The hypothesis of this study is that the self-arrangement of the particles in the soil is not totally random and if we understand the forces determining this self-arrangement, we will be in a better position to model pore space and, consequently, water flow.
The use of thin sections to measure grain sizes has been performed for more than 60 years in petrological studies [Friedman, 1958 [Friedman, , 1962 [1996] and Vogel [1997] .
Image-based technology provides unique information about pore geometry by direct measurement. While other techniques are used to obtain indirect or deducted values using a number of assumptions, microscopy and image analysis supply actual values of the pore space. The size of the pores resolved in the image depends on the magnification and the size of the pixels. Berryman and Blair [1987] , using correlation functions, developed a methodology to derive the characteristic length at which the physical properties of the heterogeneous soil microstructure are spatially correlated. More recently, Blair et al. [1996] , with a two-point correlation function, determined the adequate image resolution to obtain image parameters consistent with those used in a simple flow model, such as the Kozeny-Carman equation, for prediction of the permeability.
Neural network techniques have been used to predict water retention properties in soils by Pachepsky et al. [1996] and Schaap and Bouten [1996] using macroscopic parameters. We can find no examples in the literature of the use of neural networks in combination with pore microfeatures to predict flow in soils.
The objectives of this study are as follows: (1) to establish a methodology using a two-point correlation function and image analysis software to analyze soil pore space and pore geometry from microphotographs and (2) to interpret these data in the context of the model proposed by Kozeny and Carman using neural network and bootstrap analysis to predict soil hydraulic properties. Samples were saturated by first wetting by capillary rise from below, then gradually raising the water level until water ponded on the surface; Ksa t was measured with the constant head method. After the Ksa t was measured, bulk density PB was determined, and the air-dried cores were cut vertically with a knife (in the direction of the water flow) into two equal parts. One part was used to prepare thin sections, and the other half was used to analyze for particle density p,• [Blake and Hartge, 1986], particle size distribution [Gee and Bauder, 1986], and chemical composition (using inductively coupled plasma emission spectroscopy). Because of the scarcity of sample, EC, pH, and SAR were measured in a combination of the three nearest samples; the same value appears for the three combined soils. The results of the analyses are shown in Table 1 . Thin sections were prepared by impregnation of the samples with epoxy EPO-TEK 301 (Epoxy Technology Inc., Billerica, Massachusetts). After hardening, a thin section 3.5 x 2.5 cm was cut at the plane perpendicular to the water flow, mounted on a glass slide, and polished. The polishing process was done with a series of diamond polishers to avoid the introduction of contaminants and in the absence of water to preserve soluble minerals.
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Thin sections were observed in a scanning electron microscope (SEM) (AMRAY 3200, AMRAY Inc., Bedford, Massachusetts) with the backscatter electron detector. The intensity of the backscattered electrons (BE) is a function of the atomic weight of the element, with heavier elements having higher backscattering properties. The result is that elements with higher atomic weight give images that are brighter than lighter elements in the sample. Charging effects are counteracted by using low vacuum in the specimen chamber and by the introduction of air molecules to dissipate the charge accumulated To increase the size of the sampling area, we collected 10 pictures from each thin section distributed in a regular grid; the total area sampled is equivalent to 2.5 mm 2. Each of the pictures was processed; average parameters are presented in Table 1 .
Development of the Microscopic Method

Determination of the Threshold Grey Level
The images collected with the BE detector contain a grey scale that can be represented by a histogram. If the brightness and contrast of the image are adequate, the histogram presents a bimodal distribution, since the carbon-based epoxy displays as a black color and the soil minerals are bright in a wide spectra of grey colors. In general, the quality of the histogram for soil thin sections is dependent on the clay content; the higher the clay content, the poorer the definition of the bimodality. The reason for this is that the average pore size in clay soils is smaller than that in sandy soils, and consequently, individual pixels are more likely to contain both pore and particle features; therefore, when the pore size approaches the detection limit of our SEM (see section 3.3), the definition of the image is poor, as is the resu!tant histogram.
The micrograph is converted into a binary image; this conversion is based on the histogram where a threshold level needs to be established in order to resolve pore features from particle features. Figure 3 shows a typical histogram for a BE image in which the particle and pore spaces are represented by individual peaks. The valley between the peaks contains ambiguous pixels that need to be resolved into particles or pores.
We evaluated three methods on the basis of the observation that the histogram is a superposition of two overlapping Gaussian curves. However, for finer-textured soils the representation of the histograms is complex and is not normally distributed in all cases. Since in the present study we have samples with a The pB values not shown are missing values; for these samples we used the average p• -1.43 g cm 3.
wide range in textural composition, we will use the mathematical minimum of the histogram to establish the threshold level to convert the picture into a binary image.
Two-Point Correlation Functions
A two-point correlation function provides the probability that two points at a specific distance are located in the region of space occupied by one constituent of a two-phase material. These functions have been used extensively to calculate different properties of heterogeneous composites and provide information about the representativeness of the image. In our case the function is derived from the binary BE image and provides the probability that two pixels separated by a distance k are simultaneously in either a pore or a particle. When considering pores, if k = 0 (zero lag), the probability is equal to the porosity 4•. At large distances and isotropic conditions the probability is equal to 4) 2 [Blair et al., 1996] . 
where P*(a, b) is the complex conjugate of P(a, b). Through the inverse FFT of C(a, b) we obtain the two-dimensional correlation matrix S2(m, n):
The column $2(m = 1, n) and row $2 (m, n = 1) are the vertical and horizontal correlation functions and provide information on the isotropy of the sample. The two-dimensional correlation matrix is summarized into a one-dimensional 'twopoint correlation function by using the procedure outlined by Berryman [1998] .
Determination of Optimal Magnification
Magnification is the most important factor affecting the quantification in the analysis of an image. If we measure the same parameter, for example, the hydraulic radius (rn = A/P), at the same location of the same sample at different magnifications, we observe that the value ofrn varies by >50% (Figure 4) . The definition of the SEM image determines the quality of the measurements, which depends on the pixel size, which, in turn, is inversely proportional to the magnification. Berryman and Blair [1987] also found that image magnification was important in the determination of a surface to volume ratio for use in a Kozeny-Carman model. They provide a methodology, based on a two-point correlation function (4), for finding the appropriate pixel size to use when preparing images of cross sections to be used to study water flow. The two-point correlation function that we use in this study was calculated using (2), (3), and (4). From (4) we obtain a characteristic length which is an estimate of the mean pore radius r and define the range in which this r must be in order to determine reasonable porosity measurements. Berryman and Blair [1987] recommend that the pixel size be ---1% of the size of an average pore radius and that Also given is porosity calculated by the two-point correlation function CI)Tc F.
where h is the pixel size and N is the number of pixels along each side of a square image. Berryman and Blair emphasize that there is no advantage to increasing magnification if the average pore diameter is larger than a quarter of the width of the digitized image and recommend having ---100 grains in the picture for measurement of porosity. Table 2 shows the r, pixel size, magnification, and porosity values calculated with (4) for sample 25 in Table 1 . Calculating the right-hand side of (5) where C incorporates effects of acceleration of gravity !7, pore geometry G, pore tortuosity r, and the kinematic viscosity of the pore water v. C has the largest value for parallel, circular pores (G -8, r = 1). However, for real soils it is most likely that the assumption of parallel, circular pores will lead to a considerable overestimation of the saturated hydraulic conductivity. Furthermore, pore connectivity is an additional factor that may play a role in soils. In this study we will calculate the hydraulic radius r/_/from total pore area A and total pore perimeter P rH=A/P
This definition will include noncircularity and roughness of the pores with both A and P measured directly with the SEM. For equal areas the hydraulic radius will become smaller when the noncircularity or pore roughness increases. The porosity 4> in (7) is also measured from the SEM image analysis (rkSEM)' The constant C in (7) is split into a constant part C• = 17/v (equal to 8.46 x 109) and a nonconstant part F that lumps effects of pore tortuosity, geometry, and connectivity. This factor F is a soil-specific reduction factor and is analogous to the "formation factor" that is used in many hydrological studies of rock strata [e. 
log (Ksat) = log (C,) + log (F) + log [(kS•M(A/P) 2] (•0)
Equation (10) will be used in two different ways. First, we assume that the concept of straight cylindrical pores applies to our samples and predict gsa t with (10) using measured rkSEM,
A, and P with C = 8.46 x 109 and F = • (G = 8 and t -1). Second, we will use measured gsa t and solve (10) for F.
This approach is necessary because we cannot account for the individual contributions of pore tortuosity, geometry, and connectivity. Subsequently, we will investigate the relationship of F with microscopic properties ((DSEM, •4, P, pore roughness, and circularity), macroscopic properties (clay and sand percentage and bulk density), and soil chemical properties (pH, EC, and SAR). We will use a combination of a neural network and the bootstrap method to find a predictive model for F.
Neural Network and Bootstrap Analysis
A big advantage of neural networks over traditional regression techniques is that they do not need an a priori selection of the underlying model expressions (linear, exponential, etc).
The term "neural network" represents a large collection of numerical techniques that resemble biological neural systems. Many different types of neural network exist, each with a particular range of applications [Hecht-Nielsen, 1991; Haykin, 1994] .
In this study we used the most common type of three-layer feed-forward networks as also used by Pachepsky et al. 
5.
Results and Discussion
Microscopic Method
The use of microscopic techniques to describe the pore space in a soil has the advantage that we can consider pore properties that are otherwise unavailable. However, special precautions need to be taken if the objective is to relate those properties with macroscopic events. As a preliminary evaluation of the consistency of our microscopic technique, we com- where PB is the bulk density and Pa is the soil particle density. Figure 5 shows that the porosity measured with SEM systematically underestimates the total calculated porosity (12) by -0.15 cm3/cm 3. Most likely this underestimation is due to unresolved pores <7/xm. To explain the difference between qbSE M and calculated porosities, we derived the pore volume contained in pores <7 /xm using a pedotransfer function [Schaap et al., 1998 ]. By using the capillary law it follows that a pore of 7/xm in diameter is equivalent to a pressure head of 43 kPa. After adding the porosity associated with the water content at 43 kPa pressure head to qbSE M we found a much better agreement with the calculated values ( Figure 5) . Even though the pedotransfer function provides predictions with an implicit error, we estimate that our porosity measurements are comparable to those obtained conventionally. The two-point correlation function calculations for all our samples indicated that the magnification used (50x) provides acceptable resolution. As mentioned earlier, the resolution of the images is related to the clay content of the sample. Figure  6 shows the micrographs and the correlation functions for samples 5 and 9 (Table 2) Gimenez et al. [1999] , the second model is direct regressions of different variables with measured Ksa t using neural network analysis, and the third model is the Kozeny-Carman equation used in the present study, for which the factor F was predicted using neural network analysis. SSC, sand, silt, and clay; p•, bulk density; SAR, sodium absorption ratio; EC, electrical conductivity; and R, roughness. without a physically based conceptual model is not adequate for our soil samples.
The conceptual model needs to account for the difference between an ideal system of an array of parallel cylindrical pores and the intricate distribution of pores in a natural soil. The pore space is the result of the rearrangement of particles in structural units called aggregates. These aggregates are the result of a series of attractive and repulsive forces of electrostatic and physical origin. We introduced the factor F, which is a combination of tortuosity, connectivity, and microscopic parameters. F was best predicted when clay percentage, roughness, and pH were used as predictors using neural network analysis. Clay percentage was the single variable with the highest contribution (R 2 = 0.60 alone) to the prediction ofF.
The prediction of the formation factor did not require salinity or sodicity parameters. However, it is well known, from dispersion or aggregate stability tests, that salinity and sodicity have an important role in the dispersion and flocculation of clay particles [Goldberg and Forster, 1990; Hesterberg and Page, 1993; Lebron and Suarez, 1992; Kretzschmar et al., 1993] , in the hydraulic conductivity [Suarez et al., 1984] , and, consequently, in the rearrangement of the clay domains [Shainberg and Otho, 1968; Quirk and Aylmore, 1971; Lebron et al., 1993] . However, when EC or SAR were incorporated into the neural network analysis to predict F, there was no significant increase in the correlation coefficient. From Table 1 which includes area and perimeter of the pores directly measured in the image. This information cannot be obtained by any other methodology (that is not image based); rH is traditionally inferred through indirect methods with a series of assumptions such as the absence of coulombic forces among particles and specific geometry. As a corroboration of the need for a physically based model we applied neural network analysis directly to our data in an attempt to empirically predict Ksa t without using the Kozeny-Carman equation or microscopic parameters. We used different variables with relative success; Table 3 shows that we were able to predict Ksa t with a correlation coefficient range of 0.71-0.77, but we did not reach the quality of the predictions made with (10). Despite the excellent correlation between the calculated and measured Ksa t there are many unresolved problems that prevent the use of the F values predicted in this study for soils from nonarid regions. It is for that reason that more studies are needed to quantify the effects of EC and sodicity on pore geometry and pore distribution. The individual contribution of each one of the chemical parameters will provide the essential information to develop a conceptual model for the prediction of hydraulic properties. Also, measurements of tortuosity and connectivity with independent methodologies, such as time domain reflectometry or acoustic techniques, will provide the necessary information for a more physically based model. The results of such measurements will be addressed in future experiments.
Conclusions
The proposed methodology provides a quantification of parameters of the pores at a scale not possible to measure with macroscopic techniques. Microscopic measurements of the pore space have been shown to be in good agreement with the bulk porosity of the soils calculated with traditional methods.
The use of macroscopic parameters in the Kozeny-Carman equation yielded poor predictions of Ksat; however, when microscopic information of the pores was included, we were able to predict Ksa t with R 2 -0.91 for the same soil population. Roughness and pH have been shown to be effective for the prediction of the formation factor F of the soils examined.
The methodology proposed in the present study shows very promising results for improving prediction of hydraulic properties by incorporating a more realistic quantification of the porous media, but more studies are needed to develop a con- 
